With the rapid development of three-dimensional (3D) technology and an increase in the number of available models, issues with copyright protection of 3D models are inevitable. In this paper, we propose a 2D-view depth image-and convolutional neural network (CNN)-based 3D model identification method. To identify a 3D model, we first need an adequate number of the modified versions that could be made by copyright infringers. Then, they can be represented by a number of 2D-view depth images that are captured from evenly distributed vertices on a regular convex polyhedron. Finally, a CNN is trained by these depth images to acquire the capability of identifying the 3D model. The experiment carried out with the dataset of Shape Retrieval Contest 2015 (SHREC'15): Non-Rigid 3D Shape Retrieval shows the practicability of our method, which yields 93.5% accuracy. The effectiveness of the proposed method is demonstrated via evaluation in the latest standard benchmark SHREC'17 Deformable Shape Retrieval with Missing Parts. It clearly shows superior or comparable performance to state-of-the-art methods, shown by the fact that it is in the top three of the 11 participating methods (without counting different runs).
Introduction
As three-dimensional (3D) printing [1, 2] and modeling grow in popularity, many 3D models are being distributed and circulated through the Internet. Like other digital multimedia (audio, video, image, etc.), copyright infringement [3, 4] of 3D models is also unavoidable. There are two general methods [5] that can be used to protect copyright interests from infringement: digital watermarking and fingerprinting.
Digital watermarking is a technique that adds a visible or invisible message to a host´s digital content. If the message is discovered in suspected content, the content can be considered as duplicated, and the ownership of the content can be confirmed. However, on applying digital watermarking techniques, damage to the quality of the host content is inevitable because the method of embedding the message is performed by manipulating the data of the host content. This is why most content producers do not like to use digital watermarking to protect their copyrights. Thus, when applying digital watermarking, controlling the trade-off between robustness and imperceptibility is fairly important.
In contrast to digital watermarking, fingerprinting does not add any message to the host content, which means that no damage occurs. Instead, it extracts unique features from the contents by analyzing the inherent properties of the contents. Ideally, the features are required to be invariant when some modifications are made to the contents. After extracting features from both the host content and the suspect content, the ownership can be proved by comparing the similarity of the two sets of features. Generally, compared with digital watermarking, fingerprinting requires a longer processing time because it has to measure similarity with the information stored in the database. If the database has SIFT features via a codebook. The distance between the two word histograms of two 3D models is computed by Kullback-Leibler divergence. Lian et al. [9] also proposed a similar view-based method called Clock Matching (CM)-BOF. The major difference is that BF-SIFT represents a 3D model by one histogram, while CM-BOF represents each depth image of a 3D model as one histogram. Although CM-BOF performs better than BF-SIFT, it may require more computation time because of the set-to-set histogram matching strategy for calculating dissimilarity.
CNN
Over the past few years, use of the deep learning technique has exploded. Much of this has to do with the wide availability of GPUs that make parallel processing ever faster, cheaper, and more powerful. It also has to do with large amounts of digital data (image, text, audio, etc.) practically available. The convolutional neural network (CNN) is a type of deep learning algorithm that has become a hot research topic in many scientific fields, such as image classification [25] , face verification [26] , and speech recognition [27] . Full CNN architecture can be formed by stacking a number of convolutional layers, pooling layers, and fully-connected layers in an order. It is trained by forward propagation and backward propagation. The forward propagation means that training data go through a series of convolution, activation function, pooling operations, and fully-connected layers to output probabilities. After calculating the total error between target probability and output probability, backpropagation is used to calculate the gradients of the error with respect to all weights in the CNN and uses gradient descent to update the trainable parameters to minimize the output error.
Materials and Methods

The Proposed Method
Let us assume that there are 10 different kinds of 3D models in a database. If one of them is modified and illegally distributed, how will humans identify the 3D model when it is found? In terms of the details of the procedure, first of all, individuals need to remember all 10 three-dimensional models in the database. When a suspected 3D model is found, humans need to look at it from several different viewpoints, and for each view, they will have a virtual prediction of it in the brain. By averaging these predictions, a final decision about whether or not it is the 3D model in the database will be made.
To simulate this procedure, we take depth images uniformly around a 3D model to replace the work of human eyes and let the CNN replace the work of human brain. However, given a 3D model, if we only input the one 3D model for training the CNN, it is hard to identify the 3D model from its modified version, which possibly has significant pose deformation or missing parts. Hence, we arrive at the idea that we could manually modify a 3D model to produce a quantity of possible modified versions, which can be explained as extending data, and then use all of these versions for training a CNN to enable it to identify a 3D model from a modified version not included in the training data. The experimental results in the Section 3, using the datasets of SHREC'15 Non-rigid 3D Shape Retrieval [16] , proved the practicability of our idea.
Our method can be broken down into a training part and a test part. In the training part, all captured depth images of 3D models in the database and their modified versions with labels are input into the CNN for training. After training, in the test part, depth images of a suspected 3D model are input to the already-trained CNN to output prediction for each view. Finally, the predictions are averaged to derive the identification result by setting a threshold to the maximum predicted 3D model. If the maximum prediction is larger than the threshold, we can consider that the maximum predicted 3D model in the database is identified. Otherwise, the suspected 3D model can be seen as irrelevant. Figure 1a shows the pipeline of our method for 3D model identification. In order to expand experiments, we have participated in the SHREC'17 Deformable Shape Retrieval with Missing Parts [28] track by simply considering the output of the network predictions as the feature vector as shown in Figure 1b . Then, the distance of two 3D models can be computed using the Euclidean distance of the corresponding feature vectors. To take depth image, the mass center of the 3D model is translated to the origin, and the maximum polar distance of the points is scaled to one. Then, a regular convex polyhedron in which the vertices are distributed uniformly in all directions is generated, and the center of the polyhedron is also located in the origin. The virtual cameras are set up at each vertex of the polyhedron and pointed at the origin to take depth images of 3D models. We compared numbers of views (6, 18, 42, 66) in our experiments by utilizing an octahedron, icosahedron, and their subdivided versions, as shown in Figure 2 . With respect to CNN architecture, we choose the GoogLeNet [17] (also referred to as Inception v1), the winning architecture in the ImageNet 2014 classification task. Although other architectures that perform better than GoogLeNet have been developed, such as Inception-v4 [18] and ResNet [19] , our 4-GB GPU used for experiments set a hardware limit on the type of architecture. The GoogLeNet is To take depth image, the mass center of the 3D model is translated to the origin, and the maximum polar distance of the points is scaled to one. Then, a regular convex polyhedron in which the vertices are distributed uniformly in all directions is generated, and the center of the polyhedron is also located in the origin. The virtual cameras are set up at each vertex of the polyhedron and pointed at the origin to take depth images of 3D models. We compared numbers of views (6, 18, 42, 66) in our experiments by utilizing an octahedron, icosahedron, and their subdivided versions, as shown in Figure 2 . To take depth image, the mass center of the 3D model is translated to the origin, and the maximum polar distance of the points is scaled to one. Then, a regular convex polyhedron in which the vertices are distributed uniformly in all directions is generated, and the center of the polyhedron is also located in the origin. The virtual cameras are set up at each vertex of the polyhedron and pointed at the origin to take depth images of 3D models. We compared numbers of views (6, 18, 42, 66) in our experiments by utilizing an octahedron, icosahedron, and their subdivided versions, as shown in Figure 2 . With respect to CNN architecture, we choose the GoogLeNet [17] (also referred to as Inception v1), the winning architecture in the ImageNet 2014 classification task. Although other architectures that perform better than GoogLeNet have been developed, such as Inception-v4 [18] and ResNet [19] , our 4-GB GPU used for experiments set a hardware limit on the type of architecture. The GoogLeNet is With respect to CNN architecture, we choose the GoogLeNet [17] (also referred to as Inception v1), the winning architecture in the ImageNet 2014 classification task. Although other architectures that perform better than GoogLeNet have been developed, such as Inception-v4 [18] and ResNet [19] , our 4-GB GPU used for experiments set a hardware limit on the type of architecture. The GoogLeNet is repeated spatially by the "Inception Module". Each "Inception Module" is made up of 1 × 1 convolutions, 3 × 3 convolutions, 5 × 5 convolutions and 3 × 3 max pooling. The 1 × 1 convolutions decrease the computation cost and also capture the correlated features of an input image in the same region. The 3 × 3 and 5 × 5 convolutions capture features at larger scales. Feature maps which are being produced by all the convolutions are concatenated to form the output. One of the main beneficial aspects of this architecture is that it allows for increasing the number of units at each stage significantly without an uncontrolled blow-up in computational complexity. Hence, the CNN can be designed not only very deeply but can also be efficiently trainable.
Dataset of SHREC'15 Non-Rigid 3D Shape Retrieval
Since the most common modification to 3D models is pose deformation, we tested our identification method on the dataset of SHREC'15 Non-Rigid 3D Shape Retrieval. The benchmark is focused on the comparison of non-rigid 3D shape retrieval methods which have many pose-deformed 3D models. The dataset consists of 1200 3D models derived from 50 original models. For each original model, they used a 3D modeling tool to build its skeleton and then articulate it to generate the 23 deformed versions. Hence, the dataset can be classified into 50 categories, each with 24 models. Figure 3a shows some examples of the 3D models in the dataset. In our identification experiment, for each category, we used 20 for training the CNN and used the remaining four models with the 200 extra 3D models (see Figure 3b ), which were randomly collected from Thingiverse (a website dedicated to the sharing of user-created digital design files-https://www.thingiverse.com/) to test our method. The 200 extra 3D models are available at http://cclabs.smu.ac.kr/research/datasets-for2d-view-depth-image-and-cnn-based-3d-model-identification-method/.
As an identification system, it also should have ability to correctly reject irrelevant input queries, and the added 200 extra 3D models play an important role in our identification experiment to verify the ability. One of the main beneficial aspects of this architecture is that it allows for increasing the number of units at each stage significantly without an uncontrolled blow-up in computational complexity. Hence, the CNN can be designed not only very deeply but can also be efficiently trainable.
Since the most common modification to 3D models is pose deformation, we tested our identification method on the dataset of SHREC'15 Non-Rigid 3D Shape Retrieval. The benchmark is focused on the comparison of non-rigid 3D shape retrieval methods which have many pose-deformed 3D models. The dataset consists of 1200 3D models derived from 50 original models. For each original model, they used a 3D modeling tool to build its skeleton and then articulate it to generate the 23 deformed versions. Hence, the dataset can be classified into 50 categories, each with 24 models. Figure  3a shows some examples of the 3D models in the dataset. In our identification experiment, for each category, we used 20 for training the CNN and used the remaining four models with the 200 extra 3D models (see Figure 3b ), which were randomly collected from Thingiverse (a website dedicated to the sharing of user-created digital design files-https://www.thingiverse.com/) to test our method. The 200 extra 3D models are available at http://cclabs.smu.ac.kr/research/datasets-for-2d-viewdepth-image-and-cnn-based-3d-model-identification-method/.
As an identification system, it also should have ability to correctly reject irrelevant input queries, and the added 200 extra 3D models play an important role in our identification experiment to verify the ability. 
The Dataset of SHREC'17 Deformable Shape Retrieval with Missing Parts
The task of the SHREC'17 Deformable Shape Retrieval with Missing Parts track is to retrieve similar 3D shapes with different partiality patterns, additionally undergoing a non-rigid transformation. 
The task of the SHREC'17 Deformable Shape Retrieval with Missing Parts track is to retrieve similar 3D shapes with different partiality patterns, additionally undergoing a non-rigid transformation. Eight research groups participated, including us, and the result shows our method performed quite well among the 11 methods in total (without counting different runs) that were evaluated in the contest. There are two challenges. One is called "irregular holes," and the other is "range data." The 3D models used for irregular holes have a random scale, random position in space, and span several resolutions, especially with irregular holes on the surface of 3D models. In range data, the 3D models are triangulated from 2.5D snapshot by a virtual orthographic camera which is placed around the original 3D models. See Figure 4 for examples of two kinds of 3D models. Both datasets fall into 10 categories. The irregular holes dataset consists of 1216 training 3D models and 1078 test 3D models, and the range data dataset consists of 1082 training 3D models and 882 test 3D models. The ground-truth labels are provided for the training set.
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Experimental Results
In this section, we show the experimental results of proposed method on the datasets that are mentioned above. There are mainly two parts of experiments, one is for 3D model identification and the other is for deformable 3D model retrieval with missing parts. The latter is to perform a comparative evaluation with state-of-the-art methods. Note that the experimental results of this part are taken from SHREC'17 Deformable Shape Retrieval with Missing Parts where we submitted our test results; the contest organizer received test results of all participants and reported the results of the combination.
If not specified, we adopt the following setup throughout our experiments. The number of depth images of each 3D model is 42, captured depth image resolution is 224 × 224, the pixel value of depth image is zero-centered and then scaled by its standard deviation as a pre-processing step, and the batch size is set to 64. With respect to CNN, the weights in each layer are initialized from a zero-mean normal truncated distribution with standard deviation 0.02, and the neuron biases are all initialized with constant 0. Ten percent of the training data is used for validation, and the training process is stopped when the validation accuracy has no further growth at around 30~60 epochs.
All the experiments below were run on a desktop with a 3.60-GHz i7-4790 CPU, 8 GB of DDR3 RAM, and a GeForce GTX 960 4 GB Graphic Card. GoogLeNet was built by TFLearn, which is a deep learning library featuring a higher-level API for Tensorflow at https://github.com/tflearn built on top of
Tensorflow, an open-source software library for machine intelligence (https://www.tensorflow.org/). Depth images were taken with the MATLAB 3D Model Renderer 
All the experiments below were run on a desktop with a 3.60-GHz i7-4790 CPU, 8 GB of DDR3 RAM, and a GeForce GTX 960 4 GB Graphic Card. GoogLeNet was built by TFLearn, which is a deep learning library featuring a higher-level API for Tensorflow at https://github.com/tflearn built on top of Tensorflow, an open-source software library for machine intelligence (https://www.tensorflow.org/). Depth images were taken with the MATLAB 3D Model Renderer (Matlab function for rendering textured 3D models-http://www.openu.ac.il/home/hassner/projects/poses/).
3D Model Identification
Here, we test the 3D model identification performance of our method on the data that is described in Section 2.2. We will first show the identification results on default settings of our method, and then we will demonstrate how the number of depth images and the number of 3D models in each category that used for training affect identification results.
As described in Section 2.2, from 50 categories in dataset of SHREC'15 Non-Rigid 3D Shape Retrieval, we use 20 pose-deformed 3D models for each category, which are 1000 models in total, to train the GoogLeNet. Each 3D model is represented by 42 depth images, and each depth image is assigned the label of the corresponding category. These depth images and corresponding labels are put into the GoogLeNet, for which the last softmax layer is changed to output 50-way prediction values. The training used momentum with a decay of 0.9, a learning rate of 0.001, and every epoch is decayed using an exponential rate of 0.96 with a dropout ratio in the last fully connected layer set to 0.5.
After the GoogLeNet is trained, the remaining four pose-deformed 3D models in each category and 200 irrelevant 3D models are used for testing. Each test 3D model is also represented by 42 depth images and input to the trained GoogLeNet, which will output 42 × 50 prediction values. These are averaged on each dimension to generate a 50-dimensional final prediction. Then, by setting a threshold to the final prediction, we can yield an identification result.
Regarding the experiment in this section as from the point of view of the 3D model identification system for copyright protection, it can be considered that there are 50 original copyrighted 3D models in the database of the identification system. Thus, in the following article, we define the query 3D model that is deformed version of an original copyrighted 3D model as Q c and define the query that is irrelevant to the original copyrighted 3D models as Q i .
To evaluate performance, we use True Positive (tp), True Negative (tn), False Positive ( f p), False Negative ( f n), and Accuracy (Acc).
•
True Positive: If a query 3D model is a deformed version of an original copyrighted 3D model (Q c ) and the identification system correctly identifies the query 3D model.
True Negative: If a query 3D model is irrelevant (Q i ) and the identification system correctly identifies it as irrelevant.
False Positive: If a query 3D model is irrelevant (Q i ) but the identification system wrongly identifies it as one of the 3D models in the database, or if a query 3D model is a deformed version of an original copyrighted 3D model (Q c ), but the identification system identifies it as a wrong one in the database, which means the query is not the deformed version of the 3D model that was identified by the system.
False Negative: If a query 3D model is a deformed version of an original copyrighted 3D model (Q c ), but the identification system identifies it as irrelevant.
The calculation process is written in pseudo code in Table 1. Table 2 shows the identification results that using the 400 test 3D models, and Figure 5 shows the corresponding graph between accuracy and threshold. From the table and graph, we can see that the method works best when the prediction threshold is 0.7, yielding 93.5% accuracy: 183 3D models are correctly identified from the 200 Q c 3D models and 191 irrelevant 3D models are correctly rejected from the 200 Q i 3D models. If users do not want to miss any deformed versions of their 3D models from a target database, they can set a lower threshold, such as 0.4, which correctly identified 199 out of the 200 deformed 3D models. However, there would be more false positive cases. In other words, without the premise of an ideal 3D model identification system existing, users are free to select the threshold to adjust the performance of the identification system to meet their own needs. From the results, we can conclude that the proposed identification method works well on the 400 test 3D models. The Figure 6 shows how the number of depth images influence the identification accuracy. As described in Section 2.1, we took 6, 18, 42, and 66 depth images from vertices of regular convex polyhedrons, and the same numbers of depth images were used in both the training and test parts to The Figure 6 shows how the number of depth images influence the identification accuracy. As described in Section 2.1, we took 6, 18, 42, and 66 depth images from vertices of regular convex polyhedrons, and the same numbers of depth images were used in both the training and test parts to yield identification accuracy. From the graph, we can see that the accuracy is improved by the increasing number of depth images. The improvement also slows down as the number of depth images increases and there is nearly no gap between 42 and 66 images when they are at the highest accuracies.
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The Figure 7 shows the influence of the number of 3D models used for training on identification accuracy. In this experiment, the 400 test 3D models remained unchanged, but we reduced the training 3D models in each category by 5, 10, and 15, representing 250, 500, and 750 training 3D models in total, respectively. From the graph, it can be observed that the identification accuracy is very low when using five 3D models. However, there is a great improvement when the number of 3D models for training jumps from 5 to 10. The highest accuracy improves about 3% from 10 to 15 models, but no improvement is produced from 15 to 20. This experiment indicates that, for a given original 3D model, 15 properly pose-deformed 3D models may be enough for our method to learn its other pose deformations, and this number can be used for 3D model identification. The Figure 7 shows the influence of the number of 3D models used for training on identification accuracy. In this experiment, the 400 test 3D models remained unchanged, but we reduced the training 3D models in each category by 5, 10, and 15, representing 250, 500, and 750 training 3D models in total, respectively. From the graph, it can be observed that the identification accuracy is very low when using five 3D models. However, there is a great improvement when the number of 3D models for training jumps from 5 to 10. The highest accuracy improves about 3% from 10 to 15 models, but no improvement is produced from 15 to 20. This experiment indicates that, for a given original 3D model, 15 properly pose-deformed 3D models may be enough for our method to learn its other pose deformations, and this number can be used for 3D model identification.
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Deformable 3D Model Retrieval with Missing Parts
In this section, we present the comparative performance of the proposed method on SHREC'17 Deformable Shape Retrieval with Missing Parts. We named our method the 2D-view depth image-and CNN-based method (2VDI-CNN) and participated this test.
As described in Section 2.2, there are two challenges in the contest: irregular holes and range data, and both have 10 categories. Hence, in the training part, for each challenge we trained a GoogLeNet and also used default settings of our method, except the last softmax layer of the GoogLeNet was changed to output 10-way prediction values. The training used momentum with a decay of 0.9 and a learning rate of 0.01, and every epoch is decayed using an exponential rate of 0.96 with the dropout ratio in the last fully connected layer set to 0.1. In the test part, as the test is about comparing retrieval accuracy, each 3D model is supposed to be represented by feature vectors, and it is simply generated in our method by averaging prediction values of 42 depth images of a 3D model in each dimension. Thus, a 3D model is represented by a 10-dimensional feature vector, and the dissimilarity between two 3D models is given by the Euclidean distance of the corresponding feature vectors. In the end, for each challenge we were asked to calculate the dissimilarity between each pair of 3D models in the test set to construct a dissimilarity matrix d ij n×n , where n is the number of 3D models in the test set and d ij denotes the dissimilarity between the 3D model i and 3D model j.
With the matrices, retrieval performance is compared based on the precision-recall (P-R) curve and four quantitative measures: nearest neighbor (NN), first tier (1-Tier), second tier (2-Tier) and discounted cumulative gain (DCG).
• Nearest neighbor: The percentage of best matches that belong to the query's class.
• First tier and second tier: The percentage of models belonging to the query's class that appear within the top (K − 1) and 2(K − 1) matches where the number of models in the query's class is K.
•
Discounted cumulative gain: A statistic that weights correct results near the front of the list more than correct results later in the ranked list.
• Precision-recall curve: Precision is the ratio of retrieved models that are relevant to a given query, while recall is the ratio of relevant models to a given query that have been retrieved from the total number of relevant models. Thus, a higher P-R curve indicates better retrieval performance.
The four quantitative measures range from 0 to 1, and higher values indicate better retrieval performance. For more details about the metrics, we refer readers to [29] .
In the contest, there are 11 participating methods (if including runs with different parameters, there are totally 15 algorithms), where six are supervised learning-based and the others are not learning-based. These methods also can be roughly divided into the Laplace-Beltrami operator-based method, the bag-of-word framework-based method, and the 2D view-based method. Readers can refer to [28] for a detailed description of each method. Tables 3 and 4 shows the four quantitative measures for irregular holes and range data, respectively. Figure 8 shows P-R curves for all methods on the two challenges. In the irregular holes challenge, from the left side P-R curve graph in Figure 8 , we can obviously see the top three performing methods among 11 competing methods (without counting different runs): DLSF is the best, followed by BoW+RoPS and our 2VDI-CNN. From Table 3 , it can be observed that in terms of 1-tier, 2-tier, and DCG, 2VDI-CNN is ranked third after DLSF and BoW-RoPS. The NN is ranked second. In the range data challenge, from the right side P-R curve graph in Figure 8 , we can see that 2VDI-CNN and BoW+RoPS are the best-performing methods among the six competing methods. From Table 4 , it can be observed that 2VDI-CNN achieves top scores in terms of NN, 2-tier and DCG, except the 1-tier metric take the second highest score. In summary, the retrieval performance of our method is ranked third in the irregular holes challenge among 11 competing methods and ranked first in the range data challenge among six competing methods. 
Conclusions
Aiming at copyright protection for 3D models, in this paper we propose a 2D-view depth imageand CNN-based 3D model identification method. The key idea is that if a 3D model needs to be 
Aiming at copyright protection for 3D models, in this paper we propose a 2D-view depth imageand CNN-based 3D model identification method. The key idea is that if a 3D model needs to be protected, a sufficient number of modified versions of the 3D model that might be produced is first required. Then, they are represented by several depth images that are captured from evenly distributed vertices on a regular convex polyhedron. Next, those depth images with labels are used to train CNN to identify the 3D model.
The experiment carried out on the dataset of SHREC'15 Non-Rigid 3D Shape Retrieval and 200 irrelevant 3D models proved the practicability of our method for identifying pose-deformed 3D models which yield a 93.5% accuracy with default settings. Additional experiments indicate that with an increasing number of depth images, the identification accuracy is improved, though the improvement speed is slower. The experiment for investigating identification accuracy with the number of pose deformed 3D models used for training shows that 15 properly pose-deformed 3D models may be enough for our method to learn its other pose deformations. Moreover, the experiment carried out on SHREC'17 Deformable Shape Retrieval with Missing Part shows that the performance of our method is superior or comparable to the state-of-the-art methods.
In the future, we will study more advanced deep learning techniques to improve 3D model identification accuracy and expand test settings with other deformations like cropping, noise, etc.
